Power Generation Expansion Planning under Uncertainties by Jin, Shan & Ryan, Sarah M.
Industrial and Manufacturing Systems 
Engineering Conference Proceedings and 
Posters 
Industrial and Manufacturing Systems 
Engineering 
2009 
Power Generation Expansion Planning under Uncertainties 
Shan Jin 
Iowa State University 
Sarah M. Ryan 
Iowa State University, smryan@iastate.edu 
Follow this and additional works at: https://lib.dr.iastate.edu/imse_conf 
 Part of the Energy Systems Commons, and the Operational Research Commons 
Recommended Citation 
Jin, Shan and Ryan, Sarah M., "Power Generation Expansion Planning under Uncertainties" (2009). 
Industrial and Manufacturing Systems Engineering Conference Proceedings and Posters. 207. 
https://lib.dr.iastate.edu/imse_conf/207 
This Conference Proceeding is brought to you for free and open access by the Industrial and Manufacturing 
Systems Engineering at Iowa State University Digital Repository. It has been accepted for inclusion in Industrial and 
Manufacturing Systems Engineering Conference Proceedings and Posters by an authorized administrator of Iowa 
State University Digital Repository. For more information, please contact digirep@iastate.edu. 
Power Generation Expansion Planning under Uncertainties 
Abstract 
Generation expansion planning concerns investment and operation decisions for different types of power 
plants over a multi-decade horizon. In this paper, three different methodologies are applied to this 
problem. Deterministic optimization assumes all the parameters are fixed without any uncertainty. 
Stochastic optimization takes into account future uncertainties as indicated by different scenarios. 
Robust optimization not only considers the uncertainties but also considers the risk over all scenarios. In 
a numerical case study designed to represent renewable generation in addition to traditional fossil-fueled 
plants, we examine how solutions found by these three methods differ under fuel price uncertainty. 
Keywords 
Generation Expansion Planning, Stochastic Programming, Robust Optimization, Renewable Energy 
Disciplines 
Energy Systems | Operational Research 
Comments 
This proceeding is published as Jin, Shan, and Sarah M. Ryan. "Power generation expansion planning 
under uncertainties." In IIE Annual Conference Proceedings (2009): 1838-1843. Posted with permission. 
This conference proceeding is available at Iowa State University Digital Repository: https://lib.dr.iastate.edu/
imse_conf/207 
Proceedings of the 2009 Industrial Engineering Research Conference
Power Generation Expansion Planning under Uncertainties
Shan Jin and Sarah M. Ryan
Department of Industrial and Manufacturing System Engineering
Iowa State University, Ames, IA 50011-2164, USA
Abstract
Generation expansion planning concerns investment and operation decisions for different types of power plants over 
a multi-decade horizon. In this paper, three different methodologies are applied to this problem. Deterministic 
optimization assumes all the parameters are fixed without any uncertainty. Stochastic optimization takes into 
account future uncertainties as indicated by different scenarios. Robust optimization not only considers the 
uncertainties but also considers the risk over all scenarios. In a numerical case study designed to represent renewable 
generation in addition to traditional fossil-fueled plants, we examine how solutions found by these three methods
differ under fuel price uncertainty.
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1. Literature Review
Long term generation expansion planning is a power plant investment decision making problem [13, 17]. It is
challenging to model and solve due to multiple objective functions [4], complexity arising from different types of 
power plants of different technologies and important reliability constraints of sufficient energy supply. Both 
investment planning and operation scheduling must be considered over multiple decades.
Long term generation expansion planning is also very complicated to formulate because of its large number of 
uncertainties [3, 11, 15]. Load growth has always been a significant uncertainty in generation expansion planning. It 
can usually be formulated by climate forecast, population expansion or movements, and technology development. 
Growth of new generation technologies has also gradually become more important because environmentally friendly 
renewable energy is receiving more public support currently. The US government is considering greatly enlarging
the percentage of wind energy up to 20% of the generation by 2030 [27]. In Iowa, plans are to increase the 
Renewable Portfolio Standard up to 8% of generation capacity by 2010 and 20% by 2020, compared with 7.4% in 
2006, the proportion of renewable net generation over the total [26, 28]. Most of this increase will come from wind 
energy due to the abundance of wind resources in the Midwest. However, integration of wind generation into the 
power system involves more uncertainties due to its weather dependence [1, 2, 19, 20, 22, 25]. The “capacity 
credit,” which represents the average actual capacity of a wind generator, can be estimated by different methods [14, 
21, 23, 24]. In the long-term planning context, this capacity value can be approached by estimating its “capacity 
factor,” the ratio of actual output to what its output would be if it could be operated to its full capacity over a year. 
Besides wind generation, clean coal, new nuclear and bio-based technologies are also to be taken into account in the 
expansion planning. Other related environmental concerns including emission penalty and/or constraints and other 
regulatory uncertainty will also have a large influence on the investment decision of different types of power plants
[18]. Prices and availability of fuels, particularly coal and natural gas, contribute additional uncertainty. In some 
generation expansion planning situations, the transmission capacity and congestion need to be considered as well.
The objective of generation expansion planning is to minimize investment and operation cost of the whole 
generation system. Important constraints on energy demand and supply for each time period are applied to ensure
the generation reliability. Commercial packages such as EGEAS [29], ProMod [30] and Plexos [31, 32] are state-of-
the-art simulation tools used in the electric power industry for this purpose. 
Stochastic programming [12, 16] is frequently used to address the uncertainties [7, 9] involved in the expansion 
problem. Scenarios are set up to represent uncertainty with an appropriate probabilistic distribution. An optimal 
solution that minimizes the expected cost over all scenarios is derived. To further manage the risk for some
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scenarios with the total cost far beyond the expectation, robust optimization has been introduced [5, 6]. It minimizes
not only the expected cost over scenarios, but also the cost variance amid scenarios. Therefore the solution is more 
stable and able to control the risk resulting from uncertainty. Other methods such as dynamic programming [8], 
chance constraints, and genetic algorithms [10] have also been effectively applied in generation expansion planning.
In this paper, we aim to compare and find out the advantage and disadvantage of different methods in solving the 
expansion planning problem. Given that none of the commercial package is able to conduct robust optimization, we 
formulate it in Matlab, and make further comparison with the other standard methods: deterministic and stochastic. 
2. Model Assumption and Notation
In the following sections, we introduce three different formulations: Two-Stage Stochastic Optimization and its 
special cases, Deterministic Optimization, and Robust Optimization.
Regarding the objective function of all three models, both investment and generation cost of the power plants are 
minimized. In addition, we take into account penalties for unmet demand. The constraints considered in these 
models are essential for this type of problem: because electricity cannot be stored, we require the energy to meet the 
demand in each period, the load of each type of generators to be less than its planned capacity and the number of 
newly built plants to be less than the maximum limit.
For the Stochastic and Robust models, various uncertainties are incorporated by bringing in scenario decision 
variables and scenario parameters with different values over scenarios. The notation of decision variables, scenario 
decision variables, parameters and scenario parameters are as follows:
 Indices
g : Type of generator
t : Load duration curve sub-period
y : Year
s : Scenario
 First Stage Decision Variables
,g yU : Units of generators of type g to be built in year y
 Second Stage Decision Variables
, ,g t sL : Load generated by generators of type g in sub-period t under scenario s, MWh
,t sE : Unserved energy in sub-period t under scenario s, MWh
 Parameters
gc : Build cost for generators of type g, $/MW/year
max
gm : Maximum generation capacity of generators of type g, MW
max
gn : Maximum generation rating of generators of type g over a year, MW
max
gu : Maximum units built for generators of type g
gu : Existing units of generators of type g at the beginning of the planning horizon
up : Penalty cost for unmet energy, $/MWh
vp : Penalty coefficient of cost variance over scenarios
r : Annual discount rate
 Scenario Parameters
, ,g t sl : Generation cost for generators of type g in sub-period t under scenario s, $/MWh
,t sd : Demand in sub-period t under scenario s, MWh
s : Probability that scenarios s occurs
3. Two-Stage Stochastic Formulation
Generation expansion planning involves a long time horizon due to the factors of involving large amount of 
investment money, size and the usage cycle of the power plants, transmission concern and sustainability of the 
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power system. However as the time horizon gets longer, uncertainty becomes more significant due to the difficulty 
of forecasting.
The two-stage stochastic formulation takes into account various future uncertainties as different scenarios. Each 
scenario has its own decision variables and parameters. We assume all the investment decision variables to be the 
first-stage decision variables. Therefore ,g yU  doesn’t change over the scenarios while all the operational decision 
variables, , ,g t sL and ,t sE are scenario-dependent, as well as the corresponding parameters, , ,g t sl , ,t sd , which represent
different circumstances. A probability value s , aggregating to 1 is assigned to each scenario. The objective function 
is to minimize the expected value over all, and the constraints required need to be satisfied for every scenario.
The two-stage stochastic formulation is as follows:
 Objective Function: Minimize the value of annualized investment cost, and the expectation of the present 
value of load cost and penalty cost for unmet demand
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 Energy Constraints: The generation and unserved energy should equal demand in each sub-period t for 
each scenario s
, , , ,      ,g t s t s t sg L E d t s                                                             (2)
 Maximum Generation Constraints: Load generation of each type of generator g should be less or equal to 
its aggregate rating of both existing units and newly built units so far in sub-period t for each scenario s
, , ,( )       , ,
max
g t s g g g yt y
L n u U g t s

                                                      (3)
 Maximum Units to Build Constraints: The number of newly built units of each type of generator g should 
be less or equal to its maximum limit
        max,       g y gyU u g                                                              (4)
A deterministic formulation can be seen as a special case of the two-stage stochastic formulation when there is a
single scenario that occurs with probability 1. 
4.  Robust Formulation
The two-stage stochastic model deals with uncertainty by minimizing expected cost.  However, it does not take into 
account the risk that the cost of a particular scenario far exceeds the expected value.  Robustness can be defined as 
stability in the cost over all possible scenarios.
The robust formulation not only minimizes the expected cost over scenarios, but also generates a smaller cost 
variance amid scenarios to ensure less difference resulted from scenarios. We include the variance in the robust 
formulation by taking it as an additional penalty component of the objective function with a penalty coefficient vp .
The objective function of the robust formulation is:
 Objective Function: Minimize expectation of both investment and operation cost, the penalty for unmet
energy, and the penalty for the cost variance over scenarios
                                 
2
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The constraints are as the same as in the two-stage stochastic formulation.
5. Case Study
In the following case study, we assume, from the beginning of the horizon, there are no existing generators and thus 
all the demand must be satisfied by the newly built power plants. The total planning horizon is 1 year with a separate 
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load duration curve (LDC) for each month. For each LDC, we separate load levels into three periods: peak, medium
and low. The demand data of the resulting 36 periods are shown in Table 1. 
Table 1: Demand Data for 36 Periods of 1 Year
Year Month Hours(h) Demand(MW) Year Month Hours(h) Demand(MW)
2007 7 177 1314.530 2008 1 257 1119.796
2007 7 339 1221.128 2008 1 290 1036.463
2007 7 228 1086.014 2008 1 197 937.526
2007 8 137 1310.593 2008 2 161 1165.955
2007 8 377 1207.304 2008 2 324 1084.313
2007 8 230 1083.307 2008 2 211 961.330
2007 9 148 1288.946 2008 3 118 1228.065
2007 9 338 1197.309 2008 3 397 1114.757
2007 9 242 1040.325 2008 3 229 956.9096
2007 10 143 1245.231 2008 4 122 1290.849
2007 10 434 1150.538 2008 4 352 1153.307
2007 10 167 1037.092 2008 4 246 977.1269
2007 11 103 1205.343 2008 5 290 1262.946
2007 11 445 1069.451 2008 5 275 1177.983
2007 11 172 922.1196 2008 5 179 1077.121
2007 12 79 1197.327 2008 6 120 1342.879
2007 12 391 1087.960 2008 6 381 1252.701
2007 12 274 955.8733 2008 6 219 1120.540
There are four types of generators as candidates to be chosen in the expansion plan. The data provided here are only 
for the purpose of illustration of the three formulations: Deterministic Optimization, Stochastic Optimization and 
Robust Optimization. The parameters for four types of different generators are shown in Table 2.
Table 2: Parameter Assumption for Case Study
Generators, g 1 2 3 4
Max Capacity (MW), maxgm 400 110 2 10
Generator Rating (MW), maxgn 200 40 0.7 6
Max Units Built, maxgu 4 20 600 7
Generation Cost ($/MWh), , ,g t sl 40 2, ,t sl 0 45
Build Cost ($million/MW), gc 1.0 0.8 0.9 1.2
Generator type 1 can be taken as a base-load generator due to its relatively lower generation cost but a higher build 
cost. Type 2 can be supposed to be a peak-load type of generator powered by gas with relatively higher generation 
cost but a lower build cost. Its generation cost is the random variable on which scenarios are defined. Type 3 can be 
considered as a wind plant since it has no generation cost and its maximum capacity of one unit is quite small. Type 
4, with the highest build cost and relatively low generation cost, can be taken as a biomass plant. 
For the stochastic and robust formulation, two scenarios, one with a higher type 2 generation cost 70$/MWh and the 
other one with 20$/MWh, are set up with equal probabilities for the case study. In the deterministic formulation the
generation cost is set to be the expected cost, 45$/MWh, over the scenarios, which are defined in Table 3:
Table 3: Scenarios Setup for Operation Cost of Gen2
Scenarios, s 1 2
Generation Cost($/MWh),  2, ,t sl 20 70
Probability, s 0.5 0.5
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In addition, we assume the penalty for unmet demand, up = 100,000; and  the penalty coefficient of cost variance
vp = 1 .
The corresponding deterministic, two-stage stochastic and robust optimizations were formulated in Matlab and 
solved as a Mixed Integer Programming problem and Quadric Mixed Integer Program, respectively, in CPLEX. The 
solutions are in Table 4.
Table 4: Deterministic, Stochastic and Robust Solutions of Case Study
Units to be Built Total Cost($) Differences($)
Gen1 Gen2 Gen3 Gen4 Total Scenario1 Scenario2 Scenario1 Scenario2
Deterministic 4 4 487 7 3.19E+09 3.16E+09 3.20E+09 -2.97E+07 4.58E+06
Stochastic 4 8 259 7 3.17E+09 3.13E+09 3.22E+09 -4.40E+07 4.40E+07
Robust 4 3 544 7 3.18E+09 3.17E+09 3.19E+09 -1.21E+07 1.21E+07
When the generation cost of generator type 2 is set to be 20$/MWh or 70$/MWh, the “Scenario 1” and “Scenario 2” 
columns for the “Deterministic” row give the costs respectively over these two different scenarios. And the “Total”
cost for the “Deterministic” solution is the total cost when the uncertain parameter is set to equal its expected value 
over scenarios, which, in this case, is 45$/MWh for the generation cost of generator type 2. The values of the first-
stage decision variables are fixed according to this solution and the second stage variables are optimized separately 
for each scenario and added to the fixed first-stage cost. For the “Stochastic” and “Robust” solutions, the “Total”
cost is counted as the expected cost over both scenarios, while the “Scenario1” and “Scenario2” costs, given the 
solved first-stage decision variables, represent the costs under each scenario. The “Differences” column gives the 
scenario cost less the total cost.
According to the “Total Cost” and “Differences” columns, the stochastic and robust formulations both improve on 
the deterministic solution by reducing the expected total cost. The total expected cost of the stochastic formulation is 
the smallest of the three, because it compares the benefit and loss of all scenarios, lets the benefit make up for the 
loss, and then finds the best solution so that the overall expected cost is the least. However, although stochastic 
optimization balances the differences among all scenarios, it ignores the cost variance. Thus the “Differences”
columns are not quite satisfying, showing a potential risk that the actual overall cost might be very high in some 
circumstance. On the other hand, the robust formulation compromises between the minimum expected cost and the 
cost variance of scenarios. We can further observe the “Units to be Built” column. Since the generation cost of type 
2 varies greatly with either $20/MWh or $70/MWh, the robust optimizer would rather choose to build much more 
units of type 3 with a reliable generation cost of 0, which significantly reduces the risk of reaching a high overall 
cost if scenario 2 actually occurs. 
6. Future Research
The data used in the case study are not the actual data and the formulation is only for 1 year. In the future study, a 
more realistic case study of actual data with a multi-year horizon will be completed. Furthermore, the model will be 
expanded to account for of carbon tax or cap-and-trade systems, required proportion of renewable energy, especially 
for wind plants, and demand uncertainty.
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